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Abstract Remote areas are usually fed-in terms of electricity supply-from conven-
tional generators that run on diesel. Recently, there is increasing interest on hybrid 
RES-based systems, including wind and solar power coupled with energy storage. 
To this end, optimum dispatching of such configurations is largely based on the 
capacity of prognostic tools employed in the respective energy management sys-
tem. Acknowledging this, the aim of this work is the prediction of wind speed, 24-
hours ahead on an hourly basis, for the optimum operation of hybrid power sta-
tions (HPS) with the use of artificial neural networks (ANN). For this purpose, 
hourly data of wind speed have been used at a specific location (Tilos Island, 
Greece) where a HPS is going to be installed, including also a wind turbine of 
800kW. More specifically, an ANN which is fed with historical wind and air pres-
sure data was developed in order to predict the wind speed at hub height on an 
hourly basis for the next 24 hours. Results indicate that the proposed methodology 
gives an adequate forecast of wind speed in order to design an automated wind 
power information tool that could much facilitate the tasks of the energy manage-
ment system. 
1 Introduction 
Renewable energy, especially wind energy, is rapidly being integrated into 
electric power systems throughout the world. Due to the high variability and lim-
ited forecasting ability of wind speed, current power systems scheduling methods 
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face challenges in integrating large-scale wind power. Accurate wind speed pre-
diction is crucial in reducing the uncertainty from the supply side in the power 
system scheduling. (Zhu et al. 2014). A great number of scientists all over the 
world have proposed numerous methodologies for short-term forecasts of wind 
speed a few hours ahead using purely statistical methods, artificial neural net-
works, probabilistic forecasting models, etc (Brown et al. 1984, Kretzschmar et al. 
2004, Gneiting et al. 2006, Nielsen et al. 2006, Genton and Hering 2007, Louka et 
al. 2008, Sloughter et al. 2010, Cassola and Burlando 2012, Zhu et al. 2014, 
Zjavka 2015, Liu et al. 2015, Hu et al. 2016, Men et al. 2016). 
In the present work an artificial neural network model was developed in order 
to forecast the mean hourly wind speed 24-hours ahead on an hourly basis for a 
specific location, 30m above ground level (a.g.l.) in Tilos Island, Greece, where a 
wind turbine of 800kW is going to be installed.  
2 Data and methodology 
Artificial neural networks are a branch of artificial intelligence developed in the 
1950s aiming at imitating the biological brain architecture. They are an approach 
to the description of functioning of human nervous system through mathematical 
functions. Typical ANNs use very simple models of neurons. These artificial neu-
rons models retain only very rough characteristics of biological neurons of the 
human brain (McCulloh and Pitts, 1943). In this work a Multi-Layer Perceptron 
(MLP) ANN model (Moustris et al. 2010, Nastos et al. 2011) was trained properly 
to forecast wind speed 30m a.g.l. For the appropriate ANN training mean hourly 
values of wind speed, wind direction and air pressure at the specific location were 
used. These meteorological data have been calculated by one minute step records. 
More specifically, a meteorological mast was installed in the specific location 
measuring the above meteorological parameters 30m a.g.l every minute. The col-
lected data cover the time period from 17/03/2015 up to 20/12/2015. 
Initially, a data file with the available mean hourly values consisting of 6696 
cases (279 days x 24 hours) was shaped. This file contains the input and output da-
ta for the training of the developed ANN. Table 1 presents the input and output da-
ta which were used for the training of the developed ANN model. 
For the appropriate ANN training the initial data set was separated in three sub-
sets. The first subset consists 60% of the available data and was used for ANN 
training. The second subset consists (randomly selected group of data) 20% of the 
available data and was used for the cross validation test and the third subset con-
sists of the rest (randomly selected group of data) 20% of the available data and 
was used for the testing phase in order the forecasting accuracy of the developed 
ANN model to be examined. For the evaluation of the forecasting ability of the 
proposed wind speed methodology appropriate statistical evaluation indices were 
applied (Moustris et al. 2010, Nastos et al. 2011).  
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Table 1. Description of input and output data.  
 The month (3, …, 12) 
 The prevailing hourly wind direction of the previous 24 hours in 
degrees (24 hourly values) 
 The mean hourly air pressure of the previous 24 hours in hPa (24 
hourly values) 
Input data 
 The mean hourly wind speed of the previous 24 hours in m/s (24 
hourly values) 
Output 
data 
 The mean hourly wind speed for the next 24 hours in hourly bases 
in m/s (24 forecasted values) 
 
3 Results 
The developed ANN model is exclusively based on historical data. This is an ad-
vantage in operational planning due to the fact that there is not any dependency on 
other data such as numerical weather prediction data in order for the forecast of 
wind speed to be made.  
  
(a) (b) 
  
(c)  (d) 
Fig. 1. Observed vs Predicted mean hourly wind values 1 hour ahead (a) and 24 hours ahead (c). 
Scaterrplots between the Observed and Predicted mean hourly wind values 1 hour ahead (b) and 
24 hours ahead (d).    
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Furthermore, the proposed ANN model is a dynamic model that is able to give 
an adequate forecast of the mean hourly wind speed for the next 24 hours, every 
next hour of the day. Figures 1a,b show the 1-hour ahead forecasts and Figures 
1c,d depict the 24-hours ahead forecasts. 
According to Figure 1, for the next hour the predicted mean hourly wind speed 
values are very close to the corresponding observed values. The coefficient of de-
termination is equal to 0.737 which indicates that the developed forecasting model 
is able to explain 73.7% of the variance of wind speed values 1 hour ahead. Con-
cerning the prognosis 24 hours ahead, the coefficient of determination takes the 
value 0.122 which indicates that the developed forecasting model is able to ex-
plain only 12.2% of the variance of wind speed values 24 hours ahead. Despite 
this limit value, Figure 1c shows that the model captures the trend of wind speed 
24 hours ahead at a very good level. 
 
  
(a) (b) 
Fig. 2. Values and trends of the evaluation statistical indices MBE and RMSE (a) and IA and R2 
(b) for the 24 hours of prognosis. Period 2001-2013. 
In order for the forecasting ability of the proposed ANN model to be examined 
in depth, the values of root mean square error (RMSE), the mean bias error 
(MBE), the coefficient of determination (R2) and the index of agreement (IA) for 
every forecasting hour ahead (1-24) were calculated (Moustris et al. 2010, Nastos 
et al. 2011). Figure 2 depicts the values and the trends of the aforementioned eval-
uation statistical indices. According to Figure 2a, it seems that the RMSE (m/s) 
ranges between 0.997m/s and 1.803m/s and the MBE ranges between -0.067m/s 
and 1.000m/s. This indicates that as the forecasting time passes, the predictive 
ability of the developed model decreases presenting nevertheless a small trend 
(+0.025m/s for the RMSE for every forecasting hour and -0.006m/s concerning 
the MBE which indicates that the model underestimates wind speed as the fore-
casting time passes).  
Additionally, Figure 2b depicts that R2 ranges between 0.737 and 0.122 and IA 
ranges between 0.923 and 0.538. This indicates that a decreasing trend also for 
both R2 and IA appears, although within a small range. More specifically, an hour-
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ly trend of -2.1% was presented for the ability of the developed ANN model to 
explain the variance of wind speed values 1 up to 24 hours ahead. Also, an hourly 
trend of -0.015 for IA was presented which means that as the forecasting time 
passes the predicted wind speed values present greater distance from the observed 
wind speed values. Despite that, it can be argued that the prediction is satisfied 
even for 24 hours ahead (IA=0.538), mainly due to the nature of the application 
that does not require precise forecast but the knowledge of the wind speed trend in 
a fairly good approximation.  
4 Conclusions 
An ANN wind speed forecasting model was presented in this work. The 
evaluation of the proposed methodology shows that adequate prognosis of the 
mean hourly wind speed -at a specific location where a wind turbine of 800kW is 
going to be installed- is possible even for 24-hours ahead. It should be noted here 
that according to the results of the proposed methodology the forecasting ability 
seems to be enough adequate, for such an application, only for the next three (3) 
consecutive hours. Despite this limitation, the validity of the proposed methodol-
ogy is quite satisfactory. This is due to the fact that it is a dynamic process which 
provides new and updated predictions every single hour of the day (24 forecasts 
per day for the next 24 consecutive hours). 
Authors believe that by this way the system administrator will be able to have a 
very good point of view concerning wind speed for the next three consecutive 
hours as well as a picture of the possible trend of hourly wind speeds for the next 
24 hours. This is an optimistic result in order to design an automated wind power 
information tool that could much facilitate the tasks of the energy management 
system. In any case, further investigation is encouraged so as to increase the fore-
casting ability of the proposed wind speed dynamic forecasting model using, in a 
parallel process as primary inputs, data from numerical weather prediction models. 
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